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Abstract

In this thesis, we attempt to solve the problem of Next Generation RNA-
sequencing analysis. This analysis aims to compare the expression levels of
multiple genes between two or more samples, under specific circumstances
or in a specific cell to give a global picture of cellular function. Thanks to
these advances, gene expression data are being generated in large
throughput. A Deep Learning approach and recognition of Next Generation
RNA-sequencing analysis. One of the primary data analysis tasks for gene
expression studies involves data-mining techniques such as clustering and
classification. RNA-sequencing technologies, which sequence the RNA
molecules being transcribed in cells, allow exploration of the process of
transcription in exquisite detail. Challenges, critical parameters, and possible
downstream functional analysis pipelines associated with each step are
highlighted and discussed. This provides a comprehensive understanding of
state-of-the-art RNA-seq analysis pipeline and a greater understanding of the

transcriptase.
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Chapter 1

Introduction

Due to advancement in technology and drop in cost for high-throughput
profiling of molecular assay and next-generation sequencing, RNA sequencing
(RNA-seq) has becoming a common tool for scientists to study the
transcriptomic phenomenon observed in biological samples. RNA-seq data
allows one to study the system-wide transcriptional changes from a variety of
aspects, ranging from expression changes in gene or isoform levels, to complex
analysis like discovery of novel, alternative or cryptic splicing sites, RNA-seq
read alignment is further complicated by the presence of processed pseudo
genes in the reference genome. Pseudo genes often have highly similar
sequences to functional, intron-containing genes. In most cases, the pseudo
gene versions are not transcribed [1], although this suggestion has recently been
disputed [2].

1.1 The Objective

The primary objective of this chapter is to present algorithms for clustering gene
expression data from RNA-seq. Therefore, in the first section, we will describe
the different steps of the gene expression analysis workflow from preprocessing
the raw reads to gene expression clustering and classification. In the second part
of the chapter we will describe traditional, model-based and machine learning
clustering methods for gene expression data, then we will conclude this chapter
with a study for clustering samples of four public datasets from recount2, using
different clustering methods and also evaluating the performance of each one
using the adjusted rand index and accuracy. In our analysis of RNA-seq reads
from multiple human samples [3, 4], genes with processed pseudo genes seem to
be expressed at higher levels compared with other genes (see Results and
discussion). Although this observation has not been explored thoroughly, a
plausible explanation is that genes with higher levels of expression may, over the
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course of evolution, have had an increased chance of being picked up by
transposons and re-integrated into the genome, creating pseudo gene copies.

1.2 DIFFERENTIAL GENE EXPRESSION ANALYSIS OF RNA-SEQ

The immediate question one could ask from an experiment with RNA-seq is what
genes are deregulated due to the designed perturbation, treatment, etc. Thus, the
first protocol consists of the basic pipeline for analysing raw sequence reads of
RNA data to reveal the set of significantly deregulated genes. Specifically, this
pipeline consists of five main steps, where each step corresponds to one phase of
the analysis that achieve certain milestone. A typical RNA-seq data analysis
workflow starts by pre-processing raw reads for contamination removal and quality
control checks. The following step is to align the reads to a reference genome, or to
make a de novo assembly if there is not any. Following the alignment, the
quantification step aims to quantify aligned reads to produce a count matrix to use
as entry data for Differential Expression (DE) analysis. We will perform
Normalization of the raw counts separately and do the clustering without going
through differential gene expression analysis. In the following section we describe
with more details each step of the pipeline (Figure 1)

Raw reads }

| Preprocessing i

| Alignment |

|

" Quantification |

o

Normalization }— Differential expression

i Clustering

functional enrichment
analysis

(Figure -1)
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Chapter 2

Processing

Preprocessing raw reads consist of checking the quality of the reads, adapters trimming,
removal of short reads and filtering bad quality bases. Tools like FastQC can generate a
report summarizing the overall quality of the sequence information [5]. Based on this
report we can determine how the quality trimming should be set up. Trimmomatic is one
of many tools used to clean up the raw data. It can be used to remove adapters from the
reads, trim off any low-quality bases at the ends of reads, and filter short reads that can
align to multiple locations on the reference genome. Once the trimming step is done, it is
a good practice to recheck the quality of the reads by rerunning FastQC. RNA-seq
mapping algorithms have two additional challenges. First, because genes in eukaryotic
genomes contain introns, and because reads sequenced from mature mRNA transcripts
do not include these introns, any RNA-seq alignment program must be able to handle
gapped (or spliced) alignment with very large gaps.

Alignment

More important for the alignment problem is that around 20% of junction-spanning
reads extend by 10 bp or less into one of the exons they span. These small ‘anchors'
make it extremely difficult for alignment software to map reads accurately,
particularly if the algorithm relies (as most do) on an initial mapping of fixed-length
k-mers to the genome. This initial mapping, using exact matches of k-mers, is crucial
for narrowing down the search space into small local regions in which a read is likely
to align. If a read extends only a few bases into one of two adjacent exons, then it
often happens that the read will align equally well, but incorrectly, with the sequence
of the intervening intron. In RNA-seq, alignment is a major step for the calculation
of transcript or gene expression levels; several splice-aware alignment methods have
been developed for RNA-seq experiments such as STAR, HISAT2 or Top Hat.
These aligners are designed to specifically address many of the challenges of RNA-
seq data mapping using a strategy to account for spliced alignment
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Quantification

Quantification of gene expression is to count the number of reads that map to each
gene using methods such as HTSeq-count, Feature Counts or kallisto [6, 7, 8]. This
step is crucial if we want to do a gene differential expression analysis, which means
to identify genes (or transcripts), if any, that have a statistically significant difference
in abundance across the experimental groups or conditions.

Normalization

The read counts generated in the quantification step need to be normalized to make
accurate comparisons of gene expression between samples or when doing an
exploratory data analysis. Several normalization methods are used for this purpose.
Although this observation has not been explored thoroughly, a plausible
explanation is that genes with higher levels of expression may, over the course of
evolution, have had an increased chance of being picked up by transposons and re-
integrated into the genome, creating pseudo gene copies.

Clustering

Cluster analysis techniques have proven to be helpful to understand gene
expression data by uncovering unknown relationships among genes and unveiling
different subtypes of diseases when it comes to clustering biological samples.
Clustering transcriptomes profiled by scRNA-seq has been routinely conducted to
reveal cell heterogeneity and diversity. However, clustering analysis of SSRNA-seq
data remains a statistical and computational challenge, due to the pervasive
dropout events obscuring the data matrix with prevailing ‘false’ zero count
observations. Here, we have developed scDeepCluster, a single-cell model-based
deep embedded clustering method, which simultaneously learns feature
representation and clustering via explicit modelling of sScRNA-seq data generation.

Cluster analysis of
RNA-Sequencing
Data

l
Gene-

based/Sample-
based clustering
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Chapter 3

Clustering With Deep L earning

Deep learning is also a technique that can be used to learn better data representation of
high-dimensional data. The two recently published surveys [9, 10] present a taxonomy of
existing deep clustering algorithms, by describing the different Neural Network
Architecture that exists for feature representation, clustering loss function and
Performance Evaluation Metrics for Deep Clustering. In [11], the authors categorize
current deep clustering models into following three categories: One method to do deep
learning based clustering is to learn good feature representations and then run any
classical clustering algorithm on the learned representations. There are several deep
unsupervised learning methods available which can map data-points to meaningful low
dimensional representation vectors. One popular method to learn meaningful
representations is deep auto-encoders. Here the input is fed into a multilayer encoder
which has a low dimensional output. That output is fed to a decoder which produces an
output of the same size as input. The training objective of the model is to reconstruct the
given input.

3.1 Working principles of DL -based clustering methods

Let us consider the problem of clustering
of nn samples, XX = {x(1),x(2),....x(n) }H{x(1),x(2),...,x(n) } into KK-categories,
each represented by a centroid pj.j=1,....Kyj,j=1,...,.K where XeRDX€eRD. In
pipeline methods, more or less a similar working principle is followed in which a
DL-based clustering algorithm is usually trained in two phases:

-Phase 1: parameter initialization and RL with a DNN architecture and training
using non-clustering loss (e.g. standard RL1). Then clustering-friendly
representations of the data called latent features (LFs) are extracted from one or
more layers (depending on the type of network architecture).
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Phase 2: parameter optimization by iterating between computing an auxiliary
target distribution and minimizing clustering loss [e.g. Kullback—Leibler
divergence (KLD) [12] and cluster assignment hardening loss (CAHL)] in which
cluster assignments are formulated, followed by the centroid updated with the back
propagation in which an ML-based clustering algorithm is applied to optimize the
clustering objective iteratively. In particular, AC [13] and K-means [14, 15, 16]
algorithms are broadly used in the literature.

Followed by this principle, instead of clustering the samples directly in the original
input space XX, it is transformed with a nonlinear

mapping f8:X—Z10:X—Z where 00 are learnable parameters and ZERKZeRK is
the learned or embedded feature space, where K<«<KDK<«D. To parameterize 619, a
DNN architecture such as AEs is used due to their function approximation
properties and feature learning capabilities However, for a better clustering result,
the network is often trained and updated to optimize both clustering and non-
clustering losses jointly in phase 2. Concisely, the following three steps are broadly
involved in existing approaches:

Unsupervised L earning:

Unsupervised leaning is different from the supervised learning technique. The
machine is trained using the unlabeled dataset and the predicts the output without
any supervision. Algorithms like K-means clustering [17], etc. are some of the
common unsupervised learning algorithms.

Neural Networks:

Artificial neural networks are a popular type of supervised learning Model. A
special case of a neural network called the convolutional Neural network (CNN) is
the primary focus of this thesis. The name ‘Artificial Neural Networks’ was given
to this model because they were developed to imitate the neural function of the
human brain. An artificial neural network consists of a set of neurons connected to
each other and are grouped into layers to replicate the neural function of out brain.
Similar to the neurons in a human brain, the neurons in an artificial neural network
function as units of calculation. The connections between neurons are known as
‘synapses’ which are nothing but weighted values. Therefore, in a simple sense,
when an input value is provided at a neuron (x1, X2, ...), it traverses the synapse,
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multiplying its value with the weighted value of the synapse (w1, w2, ...) as shown
in the Figure 2.2. Bias ‘b’ is then added to the summation of these values. This will
be the output of the neuron. Since a neuron does not know its boundary, a mapping
mechanism is required to map the inputs to the output, known as the ‘Activation
function’ [21]. In a fully connected feed- forward multi-layer network, all the
outputs of a layer of a layer of neurons is fed as input to every neuron of the next
layer. As a result, some of layers get to process the original input data, while some
layers get to process the data that has been obtained from neurons from the
previous layer. Therefore, the number of weights of any neuron in the network is
equal to the number of neurons in the layer previous to the layer of the neuron [19].

Y = Zn (wn*xn) + b
k=1

(1.1)

In the above equation, ‘x’ is the input value given at the neuron, ‘w’ is the
weighted value of the synapse, ‘n’ is the number of neurons, ‘b’ is the bias and ‘y’
Is the output of the network. Therefore, according to the equation (1.1), the value
of output ‘y’ is equal to the summation of the product corresponding weights and
bias ‘b’.A multi-layered artificial neural network, as shown above includes three
types of layers: an input layer, one or more hidden layers and an output layer [19].
The input layer usually merely passes data along without modifying it. Most of the
computation happens in the hidden layers. The output layer converts the hidden
layer activation to an output, such as a classification. The outputs of each hidden
layer serve as the inputs for the next hidden layer. The number of neurons in the
output layer is equal to the number of classes trained for the neural network. Deep
learning helped solve many problems that were historically challenging for
classical software development tools and approaches. For instance, years ago,
machine learning engineers were able to create a software that could predict breast
cancer survival windows better than human experts. However, building the
features of the software required the efforts of dozens of engineers and breast
cancer experts and took a lot of time develop. Deep learning provides a
fundamentally different approach to doing machine learning. Deep learning relies
on neural networks, a general-purpose function that can solve any problem
representable through examples. When we provide a neural network with many
labeled examples of a specific kind of data, it will be able to extract common
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Chapter 4

Deep learning Frameworks

DL approaches for analyzing NGS data, such as Deep Bind, had to be built from
scratch, which can be challenging. Fortunately, excellent frameworks for the
implementation of deep networks now exist that greatly facilitate the network
development. Such frameworks provide common activation functions, handle
gradient computation, training, and usually feature optimized implementations for
different accelerator architectures, such as GPUs or tensor processing units
(TPUs). Recently, large Cloud providers have also started to offer DL platforms.
This includes facilities for distributed computation of TF- or PyTorch-jobs, but
also offerings such as Google’s Cloud AutoML or Amazon’s Sage Maker, which
promise mostly automated model training. In these packages, end-users can
typically, using an intuitive graphical user interface, upload the training data,
choose what kind of ML to perform, and highlight the property that is to be
inferred. The framework will then automatically build an appropriate ML model
and train it on the provided data. With the growing popularity of DL methods for
analyzing sequencing data, several software frameworks and packages specifically
designed for bioinformatics data have been introduced recently. Libraries, such as
Nucleus or Janggu , can be used alongside Keras, TF, or PyTorch. They offer
dedicated objects for processing biological sequence data, which makes it easy to
read, write, analyze, and visualize data in common genomics file formats, such as
BAM, FASTA, bigWig, VCF, or BED.
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Chapter 5

Clustering with unsupervised representation learning

One method to do deep learning based clustering is to learn good feature
representations and then run any classical clustering algorithm on the learned
representations. There are several deep unsupervised learning methods available
which can map data-points to meaningful low dimensional representation vectors.
The representation vector contains all the important information of the given data-
point, hence clustering on the representation vectors yield better results. One
popular method to learn meaningful representations is deep auto-encoders. Here
the input is fed into a multilayer encoder which has a low dimensional output. That
output is fed to a decoder which produces an output of the same size as input.

Clustering via information maximization:

Regularized Information Maximization is an information theoretic approach to
perform clustering which takes care of class separation, class balance, and
classifier complexity. The method uses a differentiable loss function which can be
used to train multi-logit regression models via back propagation. The training
objective is to maximize the mutual information between the input x and the model
output y while imposing some regularization penalty on the model parameters.
Mutual information can be represented as the difference between marginal entropy
and conditional entropy. Hence the training objective to minimize is:

Rsar(0;T) — A[H(Y) — H(Y|X)].

Here it is maximizing the marginal entropy H(Y) and minimizing the conditional
entropy H( Y|X).

By maximizing H(Y), the cluster assignments are diverse, hence the model cannot
degenerate by assigning a single cluster to all the input data points. In fact, it will
try to make the distribution of clusters as uniform as possible because entropy will
be maximum when the probability of each cluster is the same.
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The neural network model with the softmax activation estimates the
conditional probability p (y|x ). By minimizing H ( Y|X), it ensures that
the cluster assignment of any data point is with high confidence. If H( Y|X) is not
minimized and only H(Y) is maximized, the model can degenerate by assigning an
equal conditional probability to each cluster given any input.

While implementing in order to compute H(Y), p(y) is computed by
marginalizing p( y|x ) over a mini-batch. For a given x, p( y|x ) is the output of the
network after the softmax activation.
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Chapter 6

Experiment & Results

In this chapter, all the related experiment and its results are given. We will see how the

datasets are collected.

ProbeNan p (Corr) (| p([Clvs[p ([D] vs[ p ([DT] vs p ([DT] vs FC([C] vs Log FC ([C FC (abs) Regulatio
A 55 P28 0.046765 0.013584 0.013642 0.049415 -11.089 -3.47105 11.08898 down
A_55 P24 0.033984 0.007776 0.010061 0.017742 -12.0979 -3.59668 12.09789 down

A 66 P12 0.014925 0.001923 0.002342 0.006321 -23.3078 -4.54274 23.30775 down
A_55 P28 0.003077 0.000159 0.000468 0.00053 -32.6124 -5.02735 32.61242 down

A 55 P21 0.019382 0.002959 0.007758 0.003831 -9.43362 -3.23781 9.43362 down

A 52 P11 0.002123 0.000087 0.000397 0.000379 -17.3665 -4.11823 17.36647 down
A_66_P13 0.009354 0.000881 0.001083 0.004077 5.511046 2.462326 5.511046 up

There are several similarity measures for cluster evaluation, we chose to work with
the adjusted Rand index which is the corrected-for-chance version of the Rand
index. It is a measure used in data clustering to evaluate the performance of a
clustering method, by comparing the results of a clustering algorithm against
known classes from external criteria [20]. In our study, we performed different
sample-based classification method on four different datasets, after that, we
compared the results to the class labels we associated to each sample based on the
field “characterization of the samples” in the phenotype table in recount2, and then
we used the ARI for cluster validation. Instead of trying to precisely mimic real
RNA-seq experiments, which may not be possible in any practical sense, we
generated data with relatively simple settings and expression levels, calculated
using a model from the Flux Simulator system [21], as follows. For the first test
set, we generated reads from the known transcripts on the entire human genome
without introducing any mismatches we then generated additional datasets, in
which we included 1) insertions and deletions into the known transcripts at random
locations, and 2) insertions and deletions in the reads themselves to mimic
sequencing errors
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6.2 Training Process
6.2.1. Experimental Environment
Hardware environment: Intel(R)-Core (TM) 13-5790 2.70GHz CPU
Software environment: Windows 10, shyphy,

T —
+ Code + Text pskmm— ~  /

v3 (mse loss, Normalizer: (iou: .75, obj: 1.0, cls: 1.60) Region 94 Avg (IOU: 0.511521), count: ? ~lnee lace 0 Iﬁ“’ﬁ” ;
° v3 (mse loss, Normalizer: (iou: @.75, obj: 1.0, cls: 1.00) Region 106 Avg (IOU: 0.494663), count T v @_a RN
D total bbox = 445206, rewritten bbox = 0.068508 %

6000: 1.778399, 1.938058 avg loss, 0.000010 rate, 3.046788 seconds, 48000 images, 0.071854 hours left
Saving weights to backup//yolov3 custom 6000.weights

Saving weights to backup//yolov3 custom last.weights

Saving weights to backup//yolov3 custom final.weights

If you want to train from the beginning, then use flag in the end of training command: -clear

Idarknet/darknet detector test Preprocess Dataset/labelled data.data darknet/cfg/yolov3 custom.cfg backup/yolov3 custom last.

/9 conv 104 3 X3/ 1 13 X 13 X 212 -» 13 X 13 X1v4 1.59) Br
71 Shortcut Layer: 68, wt =@, wn = @, outputs: 13 x 13 x1024 0.000 BF

72 conv 512 1x1/1 13 x 13 x1024 -> 13 x 13 x 512 0.177 BF
73 conv 1024 3x3/1 13x 13 x512 -> 13 x 13 x1024 1,595 BF
74 Shortcut Layer: 71, wt =@, wn = 0, outputs: 13 x 13 x1024 0.000 BF

75 conv 512 1x1/1 13 x 13 x1024 -> 13 x 13 x 512 0.177 BF
76 conv 1024 3x3/1 Bx 13x512-> 13 x 13 x1024 1.595 BF
77 conv 512 1x1/1 13 x 13 x1024 -> 13 x 13 x 512 0.177 BF

3h45m7s completed at 3:01 AM

Fig : During Training Process
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12 |Histlh2ah histone cluster 1, H2ah 0.040566 1.906894 0.93122464 1.906894 up
13 Hpse heparanase 0.011278 -6.7377434 -2.7522655 6.737743 down
14 0.003166 -19.324177 -4.272335 19.32418 down
15 0.00111 -9.359182 2263825 9.359182 down
16]Cavin1 caveolae associated 1 0.00458 -8.838691 1438327] 8.838691 down
17 5.49E-04 -32.4739 -5.021203  32.4739 down
18 |Pptl palmitoyl-protein thioesterase 1~ 9.80E-04 -20.364807 -4.3480062 20.36481 down
19 |4933402N03Rik RIKEN cDNA 4933402N03 gene 6.90E-04 -21.965996 -4.4572 21.966 down
20 |Lin28b lin-28 homolog B (C. elegans) 0.021412 -12.608076 -3.6562762 12.60808 down
21 0.001551 -13.349967 -3.7387643 13.34997 down
22 Sici4a2 solute carrier family 14 (urea transg  0.00121 -32.79636 -5.035464 32.79636 down
23 |Ssbpl single-stranded DNA binding prote 0.007798 -11.730121 -3.552146 11.73012 down
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[Figure-3 Spliced Read alignment]
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[Figure-5 Volcano visuz Diagram]

. Input files: Raw sequence reads in fastq formats. We had included 12 fastq files
(two files each for six samples) in the supplementary materials for this example.
Each of these files contains about five million reads of 90 base-pair (bp) which
should be originated from the chromosome 19 of mouse genome.

Step 1. Quality check on the raw reads.

Create a directory named FastQC to store the results later. Then, call FastQC to
obtain quality check metrics to inspect the quality of raw sequence reads (stored in
the Fastq directory) and output the metrics to FastQC directory:

$ mkdir FastQC

$ fastqc Fastg/*.fastq —o FastQC
FastQC provides a quick view on the quality of the raw sequence reads from
multiple analyses, ranging from the sequence quality, GC content, to library
complexity. The command above will produce a report in HTML format which
could be viewed from web browser. In the report, each metric evaluated will be
annotated with a green check, Red Cross, or yellow exclamation mark to

indicate pass, fail, or caution respectively. Usually, the quality score

23| Page



(Fig. 6) and A,C,G, T content across bases could be used to decide how the
reads should be groomed prior to mapping.

Step 2. Groom raw reads.

Remove sequences with low quality to get better alignment in the later steps.
Based on the FastQC reports from above commands for this example, the
qualities of the reads are fine except random distribution of sequence content
at the 5 end of reads. Thus, we trim 10bp from the beginning of each read:

Step 3. Align raw reads to reference genome

Map the trimmed sequence reads to reference genome using tophat2.
Specifically, we first create a directory with the sample name to store the
output then calling tophat2 and output results to the directory’s sub-directory
named Tophat_Out. Since this is a mouse sample, UCSC mm10 is used as the
reference genome and the reference transcriptome file and bowtie index files
are stored under Indexes directory in the home directory. Bowtie2 index files
contain the genome sequences to be aligned to in bowtie2 format. Tophat2
uses bowtie2 as the base sequence aligner.

Step 4. Assemble gene expression from aligned reads

Use HTSeq to quantify the number of reads mapped to each gene:

$ samtools view MT1/Tophat_Out/accepted_hits.sorted.bam | python -m
HTSeq.scripts.count -q -s no - ~/Indexes/Mus_musculus/UCSC/mm210/Genes/genes.gtf >
MT1/MTL1.count.txt

Repeat this command to the other five samples and change the input and
output file names accordingly as in last step. Upon successful execution of
this step, six text files suffixed with “count.txt” will be generated with each
prefixed with the sample ID and stored under the subdirectory of the sample,
for example MT1/MT1.count.txt, MT2/MT2.count.txt, and so son.
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Step 5. Differential gene expression analysis from assembled gene expression

Take the steps as suggested by DESeg2 manual to carry out the analysis.
These standard steps are listed in the following five sub-steps:

5.1. Launch RStudio and load necessary library

> library(“DESeq2”)

5.2. Create necessary data object.

> sample.names <- sort(paste(c(“MT”, “WT”), rep(1:3, each=2), sep="*))

> file.names <- paste(“../”, sample.names, “/”, sample.names, “.count.txt”, sep="“)

> conditions <- factor(c(rep(“MT?, 3), rep(“WT?”, 3)))

> sampleTable <- data.frame(sampleName=sample.names,

fileName=file.names,

condition=conditions)

> # read in the HTSeq count data

> ddsHTSeqg<-DESeqDataSetFromHTSeqCount(sampleTable=sampleTable, directory=".",
design=~ condition )

In this sub-step, we specify the sample identifiers, name of files with gene
counts for each sample, and experiment condition(s) for each sample; then
pass this information to DESeqDataSetFromHTSeqCount function to make a
DESeqgDataSet object for following analysis.

Draw PCA plot (Fig. 3) and correlation heatmap (Fig. 6) to visualize if the
samples cluster per their conditions. In this example, samples are clustered into
two groups, which are their genotypes. In cases where samples do cluster in
groups but the grouping is not the experimental conditions or genotypes, it
indicates that the samples are clustered by other factors. These factors could be
latent biological subtypes or technical factors such as the batch effect. For
example, the samples in supplemental Figure 6 are prepared in two different
batches and PCA analysis shows two clusters corresponding to the batches,
instead of four designed phenotype groups. Call the results function from DESeq?2
package to extract the results from the differential gene analysis. These results
include base means across samples, log2 fold changes, standard errors, test
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statistics, p-values and adjusted p-values. Then, combine the results obtained with
the average expressions for each genotype (grp.mean) and normalized read counts
(norm.counts) for each sample into a data table. Finally, save the data table into a
tab-delimited file. Group means and normalized read counts are useful when users
want to inspect how a gene is expressed in the experiment. Furthermore, users
could get these values and apply to other software for more analysis.

Two common plots to visualize findings from a differential gene analysis are MA
plot and gene expression heatmap. The MA plot (Fig. 4) shows how gene
expressed between two genotypes (log fold-change in Y-axis) with respect to
overall expression on all samples (in X-axis), highlights the significantly
differentially expressed genes (DEGs, adjusted P-value < 0.01) in red, and
annotates the five most statistical significant DEGs.
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Result Discussion:

RNA sequencing (RNA-seq) provides comprehensive insights on cellular processes (such
as identifying genes that are upregulated or downregulated, etc.). However, traditional
bulk RNA-seq is limited to revealing the average expression from a collection of cells,
and not disambiguation single-cell behavior. Thus, it is difficult to delineate cellular
heterogeneity with traditional RNA-seq, which is a disadvantage since cellular
heterogeneity has been shown to play a crucial role in understanding many diseases.
Therefore, researchers have turned to RNA-seq (RNAseq) in order to identify cellular
heterogeneity within tissues.

RNAseq technologies have been instrumental in the study of key biological processes in

many diseases, such as cancer, Alzheimer’s cardiovascular diseases etcetera RNA
sequencing of cells at a single-cell resolution, RNAseq, generally consists of four stages:
Due to the unbiased capture of mRNA, NGS-based technologies can shed light on the
known and unknown morphological features using only the molecular characterization
of tissues. This unbiased and untargeted nature of NGS technologies makes them ideal
for studying and exploring new systems, a major advantage compared to most image-
based technologies which require target genes a priori.

While NGS-based approaches differ in the specifics of the protocols, they all build on the
idea of adding spatial barcodes before library preparation, which are then used to map
transcripts back to the appropriate positions (known as spots or voxels). An example
workflow of NGS-based spatial sequencing is depicted. In the following subsections, we
provide a general overview of the four most common spatial transcriptomics
technologies. Their innovation was to add spatial barcodes prior to library preparation,
enabling the mapping of expressions to appropriate spatial spots.

More specifically, Stahl et al. positioned oligo(dT) probes and unique spatial barcodes as
microarrays of spots on the surface of slides. Next, fresh frozen tissue slices were placed
on the microarray and processed to release mMRNA (using enzymatic permeabilization),
which then hybridized with the probes on the surface of the slides. This approach consists
of (i) collecting histological imaging (using standard fixation and staining techniques,
including hematoxylin and eosin (HE) staining) for investigating morphological
characteristics and (ii) sequencing spatially barcoded RNA to profile gene expressions.
In the initial experiments, each slide consisted of approximately 1000 spots, each of
diameter 100 wm with 200 um center-to-center distance. After the initial success
of Spatial Transcriptomics, 10x Genomics subsequently improved the resolution
(shrinking the spot diameters to 55 um with 100 um centre-to-centre distance) and
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sensitivity (capturing more than 10* transcripts per spot) of the approach, and eventually
commercializing it as Visium). The development and commercialization of the spatial
transcriptomics resulted in relatively rapid adoption across fields, such as cancer biology,
developmental biology, and neuroscience.

The histological imaging and gene expression profiling of Visium are similar to the initial
approach: the staining and imaging of the tissues are through traditional staining
techniques, including HE staining for visualizing tissue sections using a brightfield
microscope and immunofluorescence staining to visualize protein detection in tissue
sections through a fluorescent microscope.

Vi-sium protocol allows for both fresh frozen (FF) and Formalin-Fixed Paraffin-
Embedded (FFPE) tissues. For FF tissues, similar to Stahl, the tissue is permeabilized,
allowing the release of mMRNA, which hybridizes to the spatially barcoded
oligonucleotides present on the spots. The captured mRNA then goes through a reverse
transcription process that results in cRNA, which are then barcoded and pooled for
generating a library.
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Chapter 7

Conclusions and Future Work

7.1 Conclusion

This thesis report discusses about the most suitable deep-learning models for
currently for RNA-seq data, cell type annotation of cell clusters after unsupervised
clustering is mainly conducted manually. The limitation of the manual procedure
makes it impossible to generate high-quality, reproducible, and standardized
annotation results for the growing number of RNA-seq datasets. An experiment
has been carried out to evaluate the classification performance of this deep-
learning algorithm. After the preparation of dataset, the algorithm has been trained
on the train-dataset. The trained model has been tested RNA sequence data set. In
cell type annotation, it is usually hard to find high-quality marker genes to describe
a cell cluster. A strategy is to use genes specifically expressed in a cell cluster to
mark the cell type. However, using a few marker genes is often not sufficient to
distinguish a cell cluster from the others. In addition, using the whole expressed
gene sets may decrease the power to find the true patterns within each cell

cluster. I hope this post was able to give you an insight into various deep learning
based clustering techniques. The deep learning based methods have outperformed
traditional clustering technigues in many benchmarks. Most of the methods
discussed are promising and there is huge potential for improvement in several
datasets. If you have any questions or want to suggest any changes feel free to
contact me or write a comment below.
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7.2 Euture Work

In the future, we intend to extend this work by

()

(if)
(iii)
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Alleviating more samples by combining genomics data from different sources
and training a multimodal architecture,

Comparing studies on clustering based on feature extracted by RNA vs. PCA.
Improving the explanations about the predictions using both ante-hoc and post-
hoc approaches. In particular, we plan to employ multimodality since multiple
factors are involved in disease diagnosis (e.g. estrogen, progesterone and
epidermal growth receptors in breast cancer), Al-based diagnoses might not be
trustworthy solely based on a single modality, which demands the requirements
of multimodal features (e.g. RNA methylation, GE, miRNA expression and
CNVs data) with a reversed time attention model and Bayesian deep learning .
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